Utilizing spatial statistics to identify cancer hot spots: a surveillance strategy to inform community-engaged outreach efforts by Corrine W Ruktanonchai et al.
INTERNATIONAL JOURNAL 
OF HEALTH GEOGRAPHICS
Ruktanonchai et al. International Journal of Health Geographics 2014, 13:39
http://www.ij-healthgeographics.com/content/13/1/39RESEARCH Open AccessUtilizing spatial statistics to identify cancer hot
spots: a surveillance strategy to inform
community-engaged outreach efforts
Corrine W Ruktanonchai1*, Deepa K Pindolia2, Catherine W Striley1, Folakemi T Odedina3,4 and Linda B Cottler1Abstract
Background: Utilization of spatial statistics and Geographic Information Systems (GIS) technologies remain
underrepresented in the community-engagement literature, despite its potential role in informing community
outreach efforts and in identifying populations enthusiastic to participate in biomedical and health research. Such
techniques are capable not only of examining the epidemiological relationship between the environment and a
disease, but can also focus limited resources and strategically inform where on the landscape outreach efforts may
be optimized.
Methods: These analyses present several spatial statistical techniques among the HealthStreet population, a
community-engaged organization with aims to link underrepresented populations to medical and social care as
well as opportunities to participate in University-sponsored research. Local Indicators of Spatial Association (LISA)
and Getis-Ord Gi*(d) statistics are utilized to examine where cancer-related “hot spots” exist among minority and
non-minority HealthStreet respondents within Alachua County, Florida, United States (US). Interest in research is also
reported, by minority status and lifetime history of cancer.
Results: Overall, spatial clustering of cancer was observed to vary by minority status, suggesting disparities may
exist among minorities and non-minorities in regards to where cancer is occurring. Specifically, significant hot spots
of cancer were observed among non-minorities in more urban areas throughout Alachua County, Florida, US while
more rural clusters were observed among minority members, specifically west and southwest of urban city limits.
Conclusions: These results may help focus future outreach efforts to include underrepresented populations in
health research, as well as focus preventative and palliative oncological care. Further, global community engaged
studies and community outreach efforts outside of the United States may use similar methods to focus limited
resources and recruit underrepresented populations into health research.
Keywords: Spatial epidemiology, Geographic information systems, Community-engagement research, Community
outreach, Health research recruitmentIntroduction
Despite the United States’ (US) National Institutes of
Health’s call for inclusion of more broadly representative
groups within clinical research [1], racial and ethnic
minorities, older populations (aged >65 years), individuals
residing in rural areas, and individuals categorized as hav-
ing lower socio-economic status remain underrepresented* Correspondence: cewarren6@ufl.edu
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article, unless otherwise stated.in research studies throughout the US [2,3]. By excluding
these populations, national and global research is affected
in several ways: 1) risks and benefits of research partici-
pation are inequitably distributed across populations [3];
2) opportunities are missed regarding information parti-
cularly relevant to underrepresented populations [3]; 3)
external validity or generalizability of research results is
reduced, and 4) health-related disparities persist, prevent-
ing the US Department of Health and Human Service’s
Healthy People 2020’s goal to “achieve health equity, elim-
inate disparities, and improve the health of all groups” [4].entral Ltd. This is an Open Access article distributed under the terms of the
/creativecommons.org/licenses/by/4.0), which permits unrestricted use,
, provided the original work is properly credited. The Creative Commons Public
mons.org/publicdomain/zero/1.0/) applies to the data made available in this
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cancer clinical trials to be particularly low among all pa-
tient groups, with underrepresented populations having
enrollment rates that are declining [5]. Oftentimes, these
groups may be spatially clustered and difficult to reach
[6]; it is therefore vital to employ strategic methods
to include and retain all populations within research,
particularly among marginalized communities such as
minority populations, indigenous communities, and po-
pulations living in developing countries [7]. The field of
community-engagement research works globally to alle-
viate such underrepresentation, ensuring more broadly
applicable findings are generated from epidemiological
studies. This approach advocates an ecological perspec-
tive, with the rationale that lifestyle, behavior, and illness
are all shaped and affected by an individual’s physical and
social environment [8]. Further, by addressing such under-
representation, this approach increases trust within the
community and fosters better communication between
academic institutions and the community, allowing for
future improved health outcomes.
With limited time and resources available, however, it
is important to optimize community-engagement out-
reach efforts in innovative and strategic ways, ensuring
the greatest number of community members are informed
of potential research opportunities and linked with po-
tential preventative or palliative care, as appropriate. One
strategy being utilized internationally with locations
throughout the United States and Australia is Health-
Street, a community-engagement model which gathers
self-reported head-to-toe conditions over the course of
the lifetime and presents a spatially explicit methodology
to collect data in real-time. Employing a Community
Health Worker (CHW) outreach approach, HealthStreet
promotes more rigorous and representative research by
engaging individuals within the community in which they
live [9]. CHWs travel daily within the community to link
residents with a variety of social, legal, and medical re-
sources based upon need, as well as recruit for University-
sponsored research studies. By actively approaching and
engaging these individuals within the community, Health-
Street enables historically “hidden” or disenfranchised
populations to be more effectively reached and referred to
programs, services, and research opportunities [9]. Utiliza-
tion of spatial statistics combined with these community-
engaged data collection efforts represents a potential
method to guide community-engagement outreach ef-
forts to reach underrepresented populations who may
benefit from health promotion activities, as well as focus
recruitment efforts for oncological and other clinical
trials [10].
The exploratory analyses presented in this paper
represent a case study of how spatial statistics can be
utilized to inform community-engaged outreach effortsamong HealthStreet CHWs. Specifically, we present statis-
tical methodologies utilizing GIS technology to strate-
gically identify cancer-related “hot spots” among minority
and non-minority HealthStreet participants residing with-
in Alachua County, Florida, US. The research objectives of
this paper include: 1) describing an internationally scalable
and spatially pertinent community-engaged strategy,
HealthStreet; 2) assessing the demographics and research
perceptions of the HealthStreet population to inform fu-
ture health research recruitment efforts among historically
underrepresented populations; and, 3) identifying “hot
spots” of cancer within the study area using several spatial
statistics, with aims of informing future community out-




In order to monitor the real-time health problems and
concerns of underrepresented populations such as ethnic
and racial minorities, CHWs travel throughout a variety
of community locations, such as parks, retail centers,
shelters, laundromats, grocery stores, and more. Specif-
ically, HealthStreet aims to assess medical problems and
health concerns from community residents themselves;
engage in bi-directional, health-promoting communica-
tion with and for the community; link people to medical
and social services and opportunities to participate in
research, based on their reported needs and concerns;
and, increase the community’s trust in the research
enterprise through meaningful collaboration [9].
Once individuals provide informed consent, CHWs per-
form a health-based needs assessment, gathering informa-
tion such as respondent demographics, research attitudes
and beliefs, past and present health conditions, health
and neighborhood concerns, and prescription and illicit
substance use. Respondents are then referred to free or
low-cost services within the community, and are “navi-
gated” to IRB-approved studies within the correspon-
ding University community (for this study, University
of Florida) based on their health histories. Figure 1 pro-
vides information on the number of respondents re-
tained throughout this process, as well as enrollment
and recruitment yields for HealthStreet participants
seen in Gainesville, Florida, USA from October 2011
through May 2014.
Institutional Review Board (IRB)
HealthStreet is approved by the University of Florida
IRB, with other HealthStreet locations approved by their
corresponding IRBs. CHWs administer Informed Consent
with each community member and ensure that protected
health information (PHI) are confidentially collected and




Contacted by or at HealthStreet
TOTAL = 5,008
YIELDS
Recruitment 3,958/5,008 = 79.0%
Navigation 2,117 /3,785 = 55.9%
Unadjusted Enrollment  (With “In 
Process” included)
866/2,590 = 33.4%
































Figure 1 Participant Flowchart, HealthStreet Gainesville, October 2011 through May 2014. Numbers in bold represent PEOPLE, not events.
Ruktanonchai et al. International Journal of Health Geographics 2014, 13:39 Page 3 of 10
http://www.ij-healthgeographics.com/content/13/1/39fidelity to protocols and procedures. Data are collected
throughout North Cental Florida and entered using
REDCap (Research Electronic Data Capture) software—a
secure, web-based data capture tool developed through
Vanderbilt University and hosted at the University of
Florida [11].
Data
The HealthStreet sample here was restricted to adults
living within Alachua County, Florida, US who comple-
ted a Health Intake Assessment between October 2011
and May 2014, resulting in a total sample size of 2,651
community members. To optimize outreach efforts to
reach historically underrepresented populations within
the US, participants were stratified by minority and non-
minority status. Non-minority participants were de-
fined as those reporting non-Hispanic Caucasian race,
while minority members were defined as those repor-
ting races of American Indian/Alaskan Native, Asian,
African American, Native Hawaiian/Pacific Islander, or
Other, as well as those reporting Hispanic/Latino ethni-
city. Among this sample, 738 (27.8%) were non-minority,while 1,913 (72.2%) were considered minority. Crude
cancer rates are defined in these analyses as number
of reported cancer cases divided by total number of partic-
ipants. A total of 174 (6.6%) participants reported ever
having cancer, as measured through the question, “Have
you ever been told you had cancer?” on the Health Intake.
Reported addresses of residence were geocoded using
ArcGIS software, version 10.1 [12], using an address
locator created utilizing 2011 Tiger/Line® Shapefiles [13].
Data were projected, and all analyses were performed,
using the North American Datum 1983 Universal Trans-
verse Mercator Zone 17 N coordinate system.
While actual address of residence was gathered from
respondents, specific household locations were aggre-
gated within a gridded hexagonal surface of dimension
0.050 decimal degrees (n = 2,562 hexagons) to maintain
participant confidentiality. Hexagons were generated using
Geospatial Modelling Environment (GME) software [14].
A hexagonal surface was used instead of county-level
census tracts to 1) reduce potential stigmatization associ-
ated with cancer clustering by using a more anonymized
polygon, and 2) standardize the number of neighbors
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tering analyses.
Analyses
Fisher’s Exact statistics were utilized to examine differ-
ences between categorical demographic characteristics
and research perceptions among HealthStreet respon-
dents using SAS software, version 9.2 of the SAS System
for Windows [14,15], while t-test statistics were used to
examine differences among continuous variables. Copy-
right © 2009 SAS Institute Inc. SAS and all other SAS
Institute Inc. product or service names are registered
trademarks or trademarks of SAS Institute Inc., Cary,
NC, USA. To measure fair compensation to participate
in research, the Wilcoxon Rank Sum test was performed
due to non-normal distributions. Kernel Density Estimates
(KDE) were calculated to identify regions of the county
which might have the highest number of cancer cases
among the population, distinct from statistical tests in-
corporating neighboring areas. This has previously been
used in the literature as a quick and easily interpreted
method of identifying disease related “hot spots” for focus-
ing community engaged efforts and assessment of ser-
vices. [16] KDE were calculated using address of residence
for both minority and non-minority participants using
equal interval bins and a search radius of .015 decimal de-
grees within ArcGIS version 10.1 software [12]. Multiple
bandwidths were examined during analysis; however,
default bandwidths were chosen for these analyses, as they
represented the most accurate and least biased repre-
sentation of density based on the input from the team’s
knowledge of the data and data collection procedures. To
present a more concise picture of cancer density, KDE
maps are zoomed into central Alachua County to display
density estimates for urban regions including the cities of
Gainesville and High Springs, Florida, US.
To account for potential rate instability due to a small
sample size that reported cancer, smoothed cancer rates
(number of observed cancer cases divided by total number
of participants) were calculated using Spatial Empirical
Bayesian smoothing in GeoDA software [17], using the
‘Calculate Rates’ feature. Variances of smoothed rates ver-
sus crude rates were examined, and displayed less variance
with smoothed rates. Therefore, smoothed cancer rates
were employed for all further spatial analyses, with a
contiguity-based spatial matrix with first order queen
weights, as opposed to crude cancer rates.
To understand where on the landscape clustering of
cancer rates may be occurring, Local Indicators of Spatial
Association (LISA) and Getis-Ord Gi*(d) statistics were
examined [18,19]. Using GeoDA software, univariate LISA
statistics were performed; Getis-Ord Gi*(d) statistics were
performed within ArcGIS software with fixed distance
bands of 1 km, 2.5 km, and 5 km, to examine the criticaldistance at which cancer rates aggregated. More detailed
information on Getis-Ord Gi*(d) methods and results is
provided in Additional file 1. For LISA statistics, a total of
99,999 randomizations were used with a Type I error rate
defined as α = 0.05 to reduce variance instability. By using
the maximum number of randomizations, only areas of
high, stable significance are reported. Areas produced
through this statistic which are defined as ‘high-high’, or
“hot spots”, indicate polygons with event rates higher than
would be expected by chance, surrounded by similar
neighboring polygons with high rates. Conversely, ‘low-
low’ areas, or “cold spots”, are areas defined as having
lower than expected rates, surrounded by similar areas of
low rates. ‘High-low’ and ‘low-high’ polygons are areas of
high rates surrounded by lower rates, and vise-versa [19].Results
HealthStreet
Overall, HealthStreet reached a total of 5,008 individuals
throughout North Central Florida from October 2011
through May 2014, with 3,785 community members
completing a Health Intake Assessment (Figure 1). While
nearly 90% of participants expressed interest in partici-
pating in research, two-thirds were subsequently eligible
to be navigated to a study at the University of Florida.
Among the 1,195 who were not eligible, over one-third
(n = 409; 34.2%) were ineligible because no study was
available to them for which they qualified, as deter-
mined by reported health conditions and demographics.
Regardless, among the 2,590 eligible participants, 2,117,
or over half of those completing a Health Intake,
expressed willingness to participate in a specific University
of Florida research study for which they were eligible,
and were therefore navigated to the corresponding study
coordinator. Among these individuals, 866 community
members went on to be enrolled 1,249 times into 69 stud-
ies, resulting in a final adjusted enrollment yield of 40.9%
for HealthStreet participants.Alachua County, Florida, USA
Table 1 presents demographics and research perceptions
by minority status and self-reported cancer status for
HealthStreet participants with reported addresses within
Alachua County, Florida, USA limits (n = 2,651). Among
those with no history of cancer, minority HealthStreet
members (n = 1,913; 74.7%) tended to be younger, never
married, with less education than non-minority Health-
Street members. Less differences were observed between
minority and non-minority members with a history of
cancer, with the exception of education. Among those
both with and without a history of cancer, minority
members tended to report significantly less education on
average than non-minority members.
Table 1 HealthStreet participant demographics and research perceptions (October 2011 - May 2014) by minority status and self-reported lifetime history of
cancer, Alachua County, Florida (n = 2,651)














(b vs. d)Demographic a b c d
n (%) n (%) n (%) n (%)
Female 370 (57.2%) 1036 (56.6%) .922 68 (74.7%) 54 (65.1%) .187 .003 .214
Mean Age (±SD) 43.0 (±15.1) 39.2 (±15.0) <.0001 54.7 (±15.6) 51.8 (±15.2) 0.210 <.0001 <.0001
Marital Status
Never Married 268 (41.4%) 1067 (58.3%) <.0001 26 (28.6%) 27 (32.5%) .839 .086 <.0001
Married 151 (23.3%) 335 (18.3%) 24 (26.4%) 22 (26.5%)
Separated/Divorced/Widowed 227 (35.1%) 424 (23.2%) 41 (45.1%) 34 (41.0%)
Mean Grade Completed (±SD) 13.4 (±2.9) 12.5 (±2.2) <.0001 14.2 (±3.3) 12.3 (±2.5) <.0001 .013 .542
Unemployed 395 (61.1%) 1158 (63.3%) .535 64 (70.3%) 59 (71.1%) 0.913 .236 .412
Veteran 79 (12.2%) 143 (7.8%) .0009 12 (13.2%) 13 (15.7%) .671 .920 .043
Food Insecurity 319 (49.3%) 824 (45.0%) 0.141 44 (48.4%) 43 (51.8%) .825 .303 .063
Medically Uninsured 280 (43.3%) 694 (37.9%) .040 26 (28.6%) 21 (25.3%) .733 .016 .050
Seen a Doctor in Past 6 Months 421 (65.1%) 1114 (60.9%) 0.060 76 (83.5%) 71 (85.5%) .835 .0003 <.0001
Research Perceptions
Ever been in a health research study 150 (23.2%) 279 (15.2%) <.0001 33 (36.3%) 20 (24.1%) .010 .027 .105
Interested in being in research study 601 (92.9%) 1647 (90.0%) .082 87 (95.6%) 81 (97.6%) .684 .562 .067
Would participate in a study…
If they were only asked about their health 614 (94.9%) 1694 (92.6%) .086 88 (96.7%) 74 (89.2%) .071 .607 .313
If they needed to provide access to their
medical records
573 (88.6%) 1541 (84.2%) .011 81 (89.0%) 72 (86.7%) .816 .900 .659
If they had to give a blood sample 581 (89.8%) 1503 (82.1%) <.0001 83 (91.2%) 71 (85.5%) .342 .852 .593
If they had to take medicine 424 (65.5%) 984 (53.8%) <.0001 63 (69.2%) 53 (63.9%) .520 .610 .239
If they had to stay overnight in a hospital 474 (73.3%) 1234 (67.4%) .014 70 (76.9%) 65 (78.3%) .712 .526 .018
If they had to use medical equipment 555 (85.8%) 1433 (78.3%) <.0001 81 (89.0%) 73 (88.0%) 0.827 .516 .098
If they didn’t get paid 532 (82.2%) 1370 (74.9%) .0003 84 (92.3%) 68 (81.9%) .049 .029 .053
What they thought was an average fair
amount for a study lasting an hour and a
half and involving an interview and a blood test
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those reporting a lifetime history of cancer (n = 174; 6.6%)
tended to be older and reported having seen a doctor
within the past 6 months. Among minority members,
those with a history of cancer tended to be separated, di-
vorced, or widowed as compared to those with no cancer.
While not significant, those with a history of cancer
reported participation in a health research study at a rate
one and a half times of those who had no history of
cancer, regardless of minority status. Further, community
members with a history of cancer tended to report higher
willingness and enthusiasm to participate in research for
less money compared to those not reporting cancer,
regardless of minority status.
Kernel density estimates
Kernel density estimates among minority and non-
minority HealthStreet respondents are shown in Figure 2,
zoomed in on the Gainesville, Florida urban limits as
defined through the US Census Bureau. The highest
density of cancer rates is seen predominantly within the
urban confines of Gainesville, regardless of minority
status. Among urban Gainesville, a higher density of
self-reported cancer is seen in the 32641 and 32607 ZIP
codes, regardless of whether a respondent was minority
or non-minority.
Local clustering analyses
Local clustering of self-reported smoothed cancer rates
among minority and non-minority HealthStreet respon-
dents as measured through the LISA statistic [18] were
examined (Figure 3). The areas on the landscape with
significantly high or low rates surrounded by neighbor-
ing areas of similarly high or low rates represent areas
of high clustering or dispersion. Conversely, areas of
significantly high or low rates surrounded by neighbors
of significantly opposing rates represent spatial outliers.
Among minority residents, high-high clusters were pre-
dominantly observed rural areas around Alachua County,
Florida, USA, particularly within the west and southwest
portions of the county. Among non-minority residents,
more clusters were observed in the urban confines of
Gainesville, with outlying clusters in the northwestern and
southern regions of the county.
Critical distance of case clustering for the Getis-Ord
Gi*(d) statistic is shown in Additional file 1, as determined
by analyzing distance, d, on the scales of 1 KM, 2.5 KM,
and 5 KM. Smaller, more localized clusters (as defined by
a smaller critical distance) were observed among minority
members in rural areas of Alachua County, Florida, USA
and northwest Gainesville, while larger, more dispersed
clusters were seen in the eastern portions of Gainesville
city limits. Among non-minority members, however, clus-
ters tended to be dispersed throughout all of the urbanconfines of Gainesville, with smaller localized clusters
observed in the northern rural areas of the county.
Discussion and conclusions
Given the vast toolset spatial epidemiologists have at their
disposal, including a variety of global and local clustering
statistics as well as descriptive spatial statistics, it is im-
portant to establish appropriate evidence-based method-
ologies. These analyses found that local spatial statistics
tended to generally agree on where clusters occurred, with
regions within Alachua County, Florida, USA consistently
showing clustering, regardless of minority status. Figures 3
and A1 (see Additional file 1) show smaller, more lo-
calized cancer clusters among minority members within
rural areas of the county than those who were non-
minority members, with “hot spots” located in the west
and southwest rural areas. Such findings may be used not
only to direct ongoing and future outreach efforts, but
may have policy implications within the area in terms of
service assessment and resource allocation. Further, these
findings are consistent with previous oncological litera-
ture, suggesting minority populations, particularly in rural
areas throughout the US have disproportionately high
cancer morbidity and mortality. This may potentially
be a result of increased barriers to obtaining preventa-
tive screenings which can catch lesions before cancer
progression [20]. The results of these analyses therefore
suggest that if patterns are present on the landscape,
such local clustering techniques may have the appropri-
ate resolution to consistently identify them, regardless
of test statistic used.
Utilization of these spatial methodologies to identify
areas with higher proportions of community members
reporting cancer offers a globally relevant, efficient me-
thod to focus HealthStreet outreach efforts. With several
locations throughout the US and in Australia, a diverse
population may be informed of potential opportunities
to participate in research and linked to care as a result.
Further, previous studies have found disparities in US
enrollment rates among historically underrepresented
groups, particularly within the oncological realm [5].
Within North Central Florida, however, we found that
many community members, especially those with his-
tory of cancer, have vastly expressed more willingness to
participate in research than have reported actually par-
ticipating (Table 1). These findings are consistent with
previous studies utilizing a multi-site, national cohort
with information collected from nearly 6,000 respondents
throughout the United States [21]. Given these results,
there is a discernible need to provide these individuals
with opportunities to participate in health research.
Despite this, utilization of spatial statistics remain un-
derrepresented in the community-engagement literature
and face unique challenges, such as increased variance
b) Non-Minority
a) Minority
Figure 2 Kernel Density Estimates (KDE) of self-reported cancer among (a) minority and (b) non-minority HealthStreet respondents,
Alachua County, Florida (n = 2,651). Scale unit in decimal degrees.




Figure 3 Local Indications of Spatial Association (LISA) of smoothed cancer rates among (a) minority and (b) non-minority HealthStreet
respondents, Alachua County, Florida (n = 2,651).
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tiality concerns, and uncertainty as to which spatial stat-
istical technique is most appropriate [22]. These analyses
present several techniques which may be utilized by
researchers within the global community-engaged field
to strategically focus outreach efforts, given limited time
and resources. Such efforts not only work to promote
and sustain more ethical research practices, but build
trust and increased collaboration between researchers
and the community, ultimately resulting in improved
and sustainable health outcomes.
Limitations
These analyses acknowledge a variety of limitations: 1)
As is common with much oncological literature, sparse
data within rural sections of Alachua County, Florida,
USA may strongly impact spatial analyses. While Bayesian
smoothing may help to alleviate such rate instability, a
polygon with little representation may have a biologically
implausible rate of self-reported cancer. While the find-
ings from these analyses are consistent with prior litera-
ture on the subject, future analyses utilizing HealthStreet
data will include increased sample size from a national
cohort such as Sentinel Network [21] and will incorporate
a Bayesian framework for spatial analyses.
2) The HealthStreet population is a non-random sam-
ple, and results therefore may not be generalizable to all
populations or countries. However, because HealthStreet
aims to over-sample historically underrepresented com-
munities, these results represent an important and trad-
itionally overlooked population.
3) Cancer rates used in these analyses were self-
reported and over the course of the lifetime. While it is
plausible that most individuals know whether or not
they have been diagnosed with cancer, undiagnosed can-
cer or early stage cancer may persist in the population
undetected, thereby increasing the probability of com-
mitting a Type II error. Alternatively, cancer rates repor-
ted were not necessarily current, suggesting the possibility
that cancer “hot spots” identified could be due to past en-
vironmental or socio-economic factors. Regardless, these
findings help to focus our attention on areas with the
greatest need for opportunities to participate in research
and increased access to care.
4) Lastly, self-reported rates of cancer were generic to
all types of cancer. Different patterns and courses of pro-
gression may emerge with varying types of cancer, par-
ticularly in regards to gender-specific cancers. Further,
clinical utility of results may vary with varying types of
cancer. While HealthStreet gathers information on type
of cancer the respondent was diagnosed with, these ana-
lyses were exploratory in nature, and sought to maximize
the number of cases reported. Analyses therefore did not
differentiate between types of cancer reported.Future directions
Future analyses should work to address the above limita-
tions, particularly in regards to sample size and types of
cancer examined. In order to help alleviate the burden
of decreased sample size, future analyses may consider
focusing efforts within urban regions only; however, im-
portant patterns among rural populations may be missed
in this scenario. Future analyses should also work to
examine predictors associated with reporting a history of
cancer, utilizing regression models which take observed
spatial autocorrelation into account. As demonstrated by
the results of this paper, spatial autocorrelation is an
important factor when examining cancer rates. Because
observations closer in space tend to be more alike than
those farther away [23], it is necessary to account for
these patterns and dependence when interpreting or
performing statistical analyses, as such data violate
assumptions of independence [24]. Finally, future ana-
lyses should continue to examine clusters and cluster
morphology utilizing a variety of other geospatial tech-
niques, software, polygon shapes, and methodologies.
Conclusion
The results of these exploratory analyses can be used to
provide community-engaged organizations and resear-
chers with an established methodology for examining
local clustering for diseases and health conditions, with
aims of focusing outreach efforts to increase research par-
ticipation and linking community residents with valuable
medical and social services. With a current enrollment
rate at over 40% and rising, HealthStreet is an effective
and internationally scalable model which can link his-
torically underrepresented and disparate populations to
research which is relevant to their needs. By increasing
enrollment of these populations, health research may
become more broadly generalizable and health dispar-
ities may be reduced, within both research and health-
care settings.
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